Language Recognition
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BNF : bottleneck feature.
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Acoustic Feature : MFCC, Fbank, etc.

Tandem feature :

BNF + acoustic feature
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Audio Front-end Back-end Calibration C_allk_)rated
likelihood

Front-end Calibration

* VAD (SAD, Speech Activity Detection) * Multiclass logistic regression
* Feature Extractor

Back-end

* WGB (Weighted Gaussian)
* LDA/PLDA

« SVM

* NN



Triplet Neural Networks
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Triplet Neural Networks
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Triplet Neural Networks
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Embeddings

Triplet loss
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Triplet Neural Networks

Results (Cllr / EER %)
Back-end LRE09 LRE1S LRE15-nofre LRE17
PLDA 0.135/3.07 0.231/5.91  0.188/4.60  0.285/7.35
DNN 0.149/3.38  0.345/8.83  0.258/7.36  0.359/8.11
TripleNet — Rand  0.129/2.72 0.443/8.11  0.351/7.18  0.438/8.02
TripleNet — HM1  0.119/2.29 0.372/6.33 0.285/5.49 0.351/6.73
TripleNet — HM2  0.112/2.61 0.274/6.36  0.183/4.95  0.283/6.72
Rand: —HIEPIIES, —#GH., 5EIEFT—HEMMIES, N=PG
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Attention Based Hybrid 1-Vector BLSTM
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BNF Features
(25ms with a shift of 10ms)
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Dur/Model | LDA-SVM [21] | LSTM [28] | i-BLSTM
Accuracy (%) SNR/Model | LDA-SVM [21] | LSTM [28] | i-BLSTM
3 53.84 54.74 54.30 :
5 753 =553 =% 89 No noise 72.36. . 72.1 75.89
30 82.98 76.10 82.27 Partially Noisy
1000 56.23 42.86 54.07 5dB 5331 56.50 59.79
overall 67.86 64.74 68.65 10dB 55.76 60.42 63.02
Coog 15dB 58.49 62.61 65.90
3 0.53 055 0.50 20dB 59.78 64.61 68.16
10 0.27 0.35 0.26 overall 56.83 61.03 64.22
OL(;?;’II ggj 812 ggg 5dB 47.93 18.36 51.58
: : : [0dB 53.77 56.30 59.86
EER (%) 15dB 57.82 61.63 64.30
3 13.40 15.39 15.47 20dB 60.00 65.28 67.72
10 6.47 8.70 6.32 overall 54.88 57.89 60.87
30 3.50 725 3.67
1000 15.35 2627 1471
overall 9.26 14.38 0.65




Ime-frequency attention mechanism for
TDNN and CNN-LSTM-TDNN
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(b) CNN-LSTM-TDNN
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Time Attention Frequency Attention

Fa = softmaz(g(H" W W)
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Table 1: Performance results for time and frequency attention.

3s 10s 30s
System ER C.avg EER ER Cavg EER | ER C.avg EER
GMM i-vector 43.33 1849 16.12 | 19.32 9.31 7.04 | 8.83 4.18 2.50
DNN i-vector 3142 1346 10.75 | 9.82 4.28 3.24 | 4.08 1.39 1.11
DBF DNN i-vector | 23.73 9.35 7.73 8.06 3.17 494 | 2.46 1.11 0.78
DNN x-vector 2590 10.31 9.03 11.17 3.56 3.38 | 5.79 1.75 1.71
DNN x-vector time | 24.84 9.96 9.12 11.03 3.67 3.33 | 6.67 1.86 1.71
CLSTM 19.51 7.09 6.67 6.02 1.64 1.66 | 246  0.8I] 0.78
CLSTM time 19.46 7.14 6.76 5.38 1.68 1.76 | 2.69 0.70 0.83
CLSTM fre2D 19.69 a2 6.90 5.05 1.64 1.71 1.90 049 0.64
CLSTM fre8D 19.51 6.60 6.58 5.14 1.48 1.66 | 1.90 0.53 0.69
CLSTM frel6D 19.69 6.84 6.67 5.05 1.39 1.62 | 2.13 0.53 0.60
CLSTM fre23D 19.14  6.47 6.48 491 1.40 1.48 | 1.71 0.42 0.55
CLSTM fre32D 19.05 6.29 6.16 4.77 1.33 1.43 | 1.85 0.43 0.55
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